The speech-based envelope power spectrum model (sEPSM; Jørgensen and Dau, 2011; Jørgensen et al., 2013) was shown to successfully predict speech intelligibility in conditions with stationary and fluctuating interferers, reverberation, and spectral subtraction. The key element in the model was the multi-resolution estimation of the signal-to-noise ratio in the envelope domain (SNRenv) at the output of a modulation filterbank. The simulations suggested that mainly modulation filters centered in the range from 1-8 Hz contribute to speech intelligibility in the case of stationary maskers whereas modulation filters tuned to frequencies above 16 Hz might be important in the case of fluctuating maskers. In the present study, the role of high-frequency envelope fluctuations for speech masking release was further investigated in conditions of speech-on-speech masking. Simulations were compared to various measured data from normal-hearing listeners (Festen and Plomp, 1990; Christiansen et al., 2013) . The results support the hypothesis that high-frequency envelope fluctuations (>30 Hz) are essential for speech intelligibility in conditions with speech interferers. While the sEPSM reflects effects of energetic and modulation masking in speech intelligibility, the remaining unexplored effect in some conditions may be attributed to, and defined as, "informational masking".
INTRODUCTION
Many aspects of speech intelligibility in noise may be accounted for by the availability of the slowly varying fluctuations in the temporal envelope of the speech, also called speech modulations (e.g., Houtgast and Steeneken, 1973; Drullman, 1995) . In a series of studies, Houtgast and Steeneken demonstrated that the concept of the modulation transfer function (MTF), which measures the integrity of speech envelope fluctuations in noise, can account for many conditions with varying levels of background noise and reverberation. However, the MTF-concept does not capture effects of nonlinear distortions on the speech envelope, and cannot account for noise reduction processing, such as spectral subtraction (e.g., Ludvigsen et al, 1993 , Dubbelboer, 2007 . Dubbelboer and Houtgast (2008) suggested that the envelope fluctuations of the noise itself, which are not included in the MTF-concept and may be modified by nonlinear processing, should also be considered. They proposed that the strength of the speech envelope fluctuations relative to that of the noise envelope fluctuations could account for some aspects of nonlinear processing of noisy speech. However, this finding was not associated with a functional model for quantitative prediction of speech intelligibility. The concept of considering the relative strength of the target signal and noise envelope fluctuations was earlier used by Dau et al. (1999) and Ewert and Dau (2000) in their envelope power spectrum model (EPSM) of modulation masking, which was demonstrated to account for modulation detection and masking data. The EPSM quantified the envelope fluctuations by measuring the envelope power (i.e., the variance of the envelope fluctuations relative to their DC levels). The EPSM was extended to speech stimuli by Jørgensen and Dau (2011) , arguing that the signal-to-noise envelope power ratio (SNR env ) at the output of a modulationfrequency selective process could be used to predict intelligibility of processed noisy speech. They demonstrated that the speech-based envelope power spectrum model (sEPSM) and the SNR env were sufficient to account for conditions with stationary noise and reverberation as well as with noisy speech processed by spectral subtraction.
However, the sEPSM (Jørgensen and Dau, 2011 ) fails in conditions with fluctuating interferers due to the assumed long-term integration of the envelope power. It cannot account for speech "masking release", referring to the higher intelligibility observed in conditions with modulated noise or competing talkers compared to a condition with a stationary noise. In order to overcome this limitation, a multi-resolution version of the sEPSM was proposed (mr-sEPSM, Jørgensen et al., 2013) , which estimates the SNR env in short temporal segments with a modulation filter dependent duration. The mr-sEPSM was demonstrated to account for speech masking release with fluctuating interferers as well as for conditions with reverberation and spectral subtraction. Moreover, the simulations indicated that the modulation filters centered above 30 Hz were important in the case of fluctuating interferers, suggesting that high-rate envelope fluctuations were possibly important for speech masking release.
In the present study, the role of high-rate envelope fluctuations for speech masking release was further investigated. Model predictions were compared to data from the literature in conditions with stationary noise, amplitude modulated noise and competing talkers as interfering signals. The competing-talker conditions included speech from the same talker (ST) as the target speech and speech from a different talker (DT). Additional conditions included vocoded stimuli where the bandwidth of the envelope fluctuations of the stimuli was reduced, testing the extent to which the model can account for the data obtained with speech that contained a reduced range of high-rate envelope fluctuations.
MODEL DESCRIPTION
The processing structure of the mr-sEPSM is illustrated in Fig 1. The first stage is a bandpass filterbank consisting of 22 gammatone filters with one equivalent rectangular bandwidth (Glasberg and Moore, 1990 ) and third-octave spacing, covering the range from 63 Hz to 8 kHz. An absolute sensitivity threshold is included such that individual gammatone filters are included only if the level of the stimulus at the output is above the absolute hearing threshold for normal-hearing listeners. The temporal envelope of each output is extracted via the Hilbert-transform and then low-pass filtered with a cut-off frequency of 150 Hz using a first-order Butterworth filter. The resulting envelope is analyzed by a modulation bandpass filterbank, which consists of eight second-order bandpass filters with octave spacing, covering the range from 2 -256 Hz, in parallel with a third-order lowpass filter with a cut-off frequency of 1-Hz (see Jørgensen and Dau, 2011) . FIGURE 1. Sketch of the multi-resolution sEPSM. Noisy speech (black) and noise alone (gray) are processed separately through an audio-domain bandpass filterbank followed by envelope extraction via the Hilbert transform. Each sub-band envelope is processed by a modulation bandpass filterbank. The envelope power is computed at the output of each modulation filter for the noisy speech (P S+N black) and the noise alone (P N gray) with a temporal-window duration inversely related to the modulationfilter center frequency. The corresponding multi-resolution SNR env is computed from P S+N and P N , averaged across time and combined across modulation filters and audio-domain (peripheral) filters. Finally, the overall SNR env is converted to a percentcorrect prediction assuming an ideal observer as in Jørgensen and Dau (2011) .
The running temporal output of each modulation filter is divided into short segments using rectangular windows with no overlap. The duration of the window is specific for each modulation filter, and is equal to the inverse of the center-frequency of a given modulation filter (or the cut-off frequency in the case of the 1-Hz low-pass filter). For example, the window duration in the 4-Hz modulation filter is 250 ms. For each window, the AC-coupled envelope power (variance) of the noisy speech and the noise alone are calculated separately and normalized with the corresponding long-term DC-power. The SNR env of a window is estimated from the envelope power as:
where P S+N and P N denote the envelope power of the noisy speech and the noise alone after the normalization. For each modulation filter, the running SNR env -values are averaged across time, assuming that all parts of a sentence contribute equally to intelligibility. The time-averaged SNR env -values from the different modulation-filters are then combined across modulation filters and across gammatone filters, using the "integration model" from Green and Swets (1988) . The combined SNR env is converted to the probability of correctly recognizing the speech item using the concept of a statistically "ideal observer" (Jørgensen and Dau, 2011) .
METHOD
Model predictions were compared to data collected by Festen and Plomp (1990) and Christiansen et al. (2013) . The target speech were either Dutch or Danish meaningful five-to-seven word sentences, spoken by male native speakers (Plomp and Mimpen, 1979; Nielsen and Dau, 2009) . Two categories of conditions were considered. One included unprocessed sentences mixed with five different interferers: a steady speech-shaped-noise (SSN); a speechmodulated noise (SMN) consisting of the SSN that was amplitude modulated with the broadband envelope of the target speech; forward and time-reversed speech from a different talker (DT and DT-R); and time-reversed speech from the same talker (ST-R).
The other category considered processed speech mixed with either unprocessed SSN or a processed version of the international speech test signal (ISTS, Holube et al., 2010) . The long-term spectrum of the SSN was shaped to the long-term spectrum of the ISTS. The processing consisted of a vocoder with amplitude and frequency modulated tone carriers. The original speech signal was decomposed into 16 spectral bands using gammatone-filters. In each band, the Hilbert envelope and the instantaneous frequency were extracted. A temporally smoothed version of the instantaneous frequency was used to drive a sine generator and the output was amplitude modulated with a low-pass filtered version of the envelope signal. The root-mean-square (RMS) level of each band was equalized to the input RMS-level of the corresponding band and all bands were recombined by summing the signals with the proper delay to account for time-delays caused by the different filters. The resulting processed signal was scaled to have the same long-term RMS-level as the unprocessed signal. More details on the vocoder can be found in Christiansen et al. (2013) .
For each of the interferers (SSN or ISTS), two conditions were considered, with envelope lowpass filter cut-off frequencies of 30 Hz or 300 Hz. In addition, the mixed stimulus of speech and noise was either presented broadband (BB) or high-pass (HP) filtered with a cut-off frequency of 500 Hz, resulting in four conditions for each interferer: BB30, BB300, HP30, and HP300. An additional off-frequency masker was added in the HP-conditions, consisting of the SSN with an RMS-level of 12 dB below the speech presentation level.
For the predictions, the same model parameter as used in Jørgensen et al. (2013) were applied here, except for the conditions with vocoded speech where the k-parameter of the ideal observer was adjusted to provide a good agreement between predictions and data in the SSN-BB300 condition. These parameters were then kept constant for all other experimental conditions. Identical stimuli were used for the simulations and the measurements. Figure 1 shows the speech reception thresholds (SRT) corresponding to 50% correct, obtained for 20 normalhearing listeners (open squares) for each of the five interferers indicated on the abscissa. The vertical bars denote plus/minus one standard deviation. The SRT in the SSN-condition was obtained at an SNR of about -4 dB, while lower SRTs were obtained for the SMN (-8 dB SNR), and DT interferers (-10 dB SNR), reflecting a clear effect of masking release. There was no effect of the playback mode (forward versus time-reversed) on the SRT for the DTinterferer. In contrast, the SRT for the ST-R interferer was obtained at an SNR of about 1 dB, i.e., at a 5 dB higher level than in the SSN-condition, demonstrating a negative masking release.
RESULTS
The model predictions (filled squares) were in good agreement with the data for the SSN, SMN, DT, and DT-R interferers, but clearly deviated from the data in the condition of the ST-R interferer, where much lower SRT was predicted. Thus, the model accounted for the observed speech masking release, except for the condition where the competing talker was a time-reversed version of the target speech. Festen and Plomp (1990) (open squares) and predicted (filled squares) by the model as function of the interferer type -SSN: stationary speech-shaped noise; SMN: speech-modulated noise; DT: speech from a different talker; DT-R: time-reversed speech from a different talker; ST-R: time-reversed speech from the same talker as the target.
FIGURE 2. SRTs obtained by
The left panel of Fig. 2 shows the measured SRTs obtained in Christiansen et al. (2013) for 5 normal-hearing listeners in the conditions with vocoded speech. For the SSN-interferer (black symbols and lines), the SRT in the BB300-condition (left open diamond) was obtained at an SNR of about -1 dB, while it was slightly higher in the BB30-condition (left open square). This effect of the envelope low-pass filtering was similar in the HP300 and HP30 conditions, although the SRTs were generally obtained at higher SNRs compared to the BB-conditions.
For the ISTS interferer (gray symbols and lines), the SRT in the BB300-condition was obtained at an SNR of about -11 dB, versus about -8 dB SNR in the BB30 condition. Both demonstrate a clear effect of masking release in relation to the SSN conditions. Moreover, the difference between the BB300 and BB30 conditions is larger for the ISTS-interferer than for the SSN-interferer, demonstrating a larger effect of envelope low-pass filtering. The SRT in the HP300-condition (right part of left panel) was obtained at an SNR of about -7 dB, while it was at about 0 dB SNR in the HP30 condition, which is a much larger difference than for the corresponding BB-conditions. This demonstrates a clear interaction between HP-filtering and envelope low-pass filtering for the ISTS interferer (see Christiansen et al., 2013) . For the SSN-interferer, the model (black symbols in the right panel of Fig. 2) accounted well for the effect of high-pass filtering, but did not account for the effect of envelope low-pass filtering, predicting slightly lower SRTs for the BB30 and HP30 conditions than for the BB300 and HP300 conditions, in contrast to the data. For the ISTS interferer, the model accounted reasonably well for the masking release in the BB-conditions, but not for the interaction between HP-filtering and envelope low-pass filtering, where only a small effect of HP-filtering was predicted compared to the large effect observed in the data.
MODEL ANALYSIS
The model predictions were in good agreement with the data from Festen and Plomp (1990) in the conditions with unprocessed speech and the SSN, SMN, and DT interferers, but deviated from the data in the case of the ST-R interferer. This result was analyzed further by considering the model's internal representation of the stimuli. Figure  3 shows the time-averaged SNR env at the output of the audio and modulation-filter center frequencies of the model for the SSN (left), SMN, (middle left), DT (middle right), and ST-R (right) interferers. Each panel represents the contribution of the individual audio and modulation-filters to intelligibility in the model, with dark areas denoting greater contribution. For the SSN interferer, the contributions stem from modulation-filters centered below about 16 Hz and from a broad range of audio-filter center frequencies. In contrast, for the fluctuating SMN, DT and ST-R interferers, the contributions stem from modulation-filters centered at frequencies above 4 Hz, and mostly from filters centered above 32 Hz. Thus, in the framework of the model, high-rate envelope fluctuations above 30-Hz are important for speech masking release in conditions with modulated noise and competing talkers. However, even though high-rate envelope information is available in the model in the ST-R condition, the measured intelligibility was found to be poor. This demonstrates that the pure availability of envelope fluctuations alone, as assumed by the model, is not sufficient to account for speech intelligibility in all conditions. Figure 4 shows SNR env -patterns for each condition with vocoded speech mixed with either SNN (top row) or ISTS (bottom row) interferers. For the SSN interferer in the BB-conditions (left and middle-left panels), the main contributions stem from the modulation-filters centered below 16 Hz and mainly from the audio-filters centered around 125 Hz. This is most likely because the fundamental frequency of the target speech (about 120 Hz) was poorly masked by the SSN-interferer, which was spectrally shaped to the ISTS-interferer that had a higher fundamental frequency of about 200 Hz. The dominating low-frequency audio and modulation-filter contributions in the BB-conditions explains why the model predicts higher SRTs when this information is removed by high-pass filtering (top right panels), and why the effect of envelope low-pass filtering is small. For the ISTS interferer (bottom to row of Fig. 4 ) in the BB-conditions (left panels), the main contributions stem from the modulation filters centered above 32 Hz, and from audio-filters centered above 500 Hz. Thus, the model is less sensitive to high-pass filtering in the case of the ISTS-interferer than for the SSN-interferer. However, the model accounts well for the envelope low-pass filtering with the ISTS-interferer because the main contribution stem from the modulation filters centered above 32 Hz in this condition.
